Near-infrared (NIR) spectroscopy is a powerful analytical tool widely used to measure, both directly and indirectly, a large number of chemical and physical properties.
Introduction
Near-infrared (NIR) spectroscopy is a powerful analytical tool widely used to measure, both directly and indirectly, a large number of chemical and physical properties. 1, 2 However, the presence of the relatively weak and highly overlapping spectral bands in the NIR spectra requires the use of multivariate calibration methods to extract the analytical information accurately. To construct a multivariate calibration model, one needs to measure the NIR spectra and the corresponding properties of samples in order to capture the variation in the sample properties to be predicted. 3 Frequently, the number of wavelength variables is much larger than that of concentration variables in order to get as more information as possible. 4 Inevitably, many wavelengths in the NIR spectra are useless, and the presence of them will degrade the performance of the regression model. 5 On the other hand, in practical situations, unexpected experimental or measurement noise is inevitably introduced into concentration (or dependent) variables as well as spectral data, 6 so it is reasonable to consider that the outliers introduced in the calibration set will be more prevalent. 7 Outliers are data points that have a rather large influence on the regression solution and the occurrence of such data points can lead to considerable deviations from normality. 8 In this regard, many approaches for selection of wavelengths or detection of outliers have been proposed. Most authors focus on these problems separately. Up to now, very few methods have been adopted for eliminating both the uninformative wavelengths and the outliers because of some complexity. [9] [10] [11] Among few methods available, only the method called "iterative predictors and objects weighting PLS" (IPOW-PLS) 9 is applicable to NIR spectra. The method can assign suitable weights to both wavelengths and samples in the iterations of PLS1 algorithm. Weights of samples are dependent upon the values of the regression residuals, as done in iterative reweighted PLS (IRPLS), 12 and weights of wavelengths are obtained from the PLS regression coefficients and the standard deviation, as done in iterative predictor weighting PLS (IPW-PLS). 13 During the calculation of the weights of samples, the tuning constant in IPOW-PLS is the key parameter that defines a threshold beyond which a weight of zero is assigned to that sample. A different tuning constant for the same weight function can give different result, 7, 8 and the data-dependent feature makes IPOW-PLS inconstant and computationally complex. To solve this problem, we propose a new criterion in the modified version of IPOW-PLS to determine objectively the level at which the sample can be removed as an outlier or not. The criterion is based on the commonly used "3σ edit rule". 6 Another disadvantage of IPOW-PLS is that the calculation of IPOW-PLS will be rather time-consuming when the number of wavelengths is large, because IPOW-PLS is based on the iterations of PLS algorithm. In order to expedite the IPOW-PLS calculation, we propose the criterion of hard threshold 14 in the modified IPOW-PLS method in order to determine an objective cut-off level at which to eliminate the uninformative wavelengths at the end of every cycle of calculation. In the present article, such a procedure is called mIPOW-PLS.
The key component of mIPOW-PLS is to get a correct PLS model for the purpose of wavelength selection and outlier detection. However, this task is greatly complicated by the facts that highly fluctuating background and noise are typically contained in the NIR spectral data, 2, 15 and that PLS models are severely influenced by the presence of such background and noise in the NIR spectra. 15, 16 Thus, such interference should be eliminated in advance, and thereafter mIPOW-PLS should be performed. Recently, a novel method called continuous wavelet transform (CWT) has been proposed to eliminate the information of background and noise simultaneously from the raw spectra. 2, 17 The CWT procedure is simple to perform since no reconstruction is required, 18 and the number of the data points does not diminish after CWT.
The goal of this article is to develop a new hybrid algorithm that is capable of eliminating both of the uninformative wavelengths and multiple outliers in CWT domain. The strategy is a combination of CWT and mIPOW-PLS. After elimination of background and noise with CWT, mIPOW-PLS is applied to the CWT filtered data to remove the uninformative wavelengths and multiple outliers synchronously. In order to validate the performance and universality of the method, we investigate two different states of NIR spectra: four-sugar aqueous system and tobacco lamina. The results show that the proposed method can improve the calibration model with substantial reduction of the prediction error and increases of simplicity and robustness of the model.
Theory and Algorithm

Modified IPOW-PLS method
The IPOW-PLS method originally developed by Forina and Casolino 9 aims at assigning suitable weights both to the samples as in IRPLS 12 and to the wavelengths as in IPW-PLS. 13 Weights of samples are dependent upon the value of the cross-validated regression residuals. The median r˜ of the absolute values of the residuals |ri| is calculated and the new sample square weights can be obtained by the weight function:
he essential of robust calibration in IPOW-PLS is one kind of M-estimator, 7 and the weights calculated by Eq. (1) are very close to those computed by the Bisquare weight function when the tuning constant equals 4. 9 However, Eq. (1) is not always the optimal for different data sets, because different tuning constants for the weight function can give different results as discussed in several references. 7, 8, 12 The data-dependent feature makes IPOW-PLS rather time-consuming and complex in practice. Therefore, it is important to develop a better criterion for removal of outliers from the calibration set.
In this regard, we take advantage of the commonly used criterion of "3σ edit rule": 6 if the prediction error of the ith (1 ≤ i ≤ n) sample is out of the range of ±3σ, the corresponding sample can be eliminated as outliers. For the ith sample, the standard deviation σi of the prediction errors is calculated from the other (n -1)rj (i ≠ j). Then, the sample weights are obtained by
and (3) where ϕii is the diagonal element of matrix Φ. Equation (3) modifies the weights so that their sum equals to the number of samples in calibration set, so some samples have weight >1. The criterion determines the objective level at which the sample should be removed as outliers for different data sets.
In the process of the IPOW-PLS method, the weights of wavelengths are obtained from multiplying the wavelengths by
their importance in the cyclic repetition of PLS regression. The importance of wavelengths is defined as 13 (4) where sj and βj are the standard deviation and PLS regression coefficient of the original wavelength j, respectively, and p is the number of wavelengths. In order to accelerate the IPOW-PLS calculation, the hard threshold 14 is proposed in the modified IPOW-PLS method to determine an objective cut-off level to eliminate the uninformative wavelengths. The hard threshold is defined as Thr = (5) where sv is the standard deviation of the vector. The criterion of the hard threshold is very simple: if the importance of wavelength j is less than Thr, the corresponding wavelength is removed. This modification brings out a distinct reduction in the calculation time, and only the most important wavelengths are retained. During the calculation of mIPOW-PLS, the presence of background and noise in NIR spectra will deteriorate the PLS model drastically; this will make the regression residuals ri and PLS regression coefficients βi based on such PLS model unreliable. On the other hand, the si in Eq. (4) will take root in the changes of not only analytical information but also background and noise. Thus, the interference of background and noise should be suppressed before applying mIPOW-PLS.
Combination of CWT and mIPOW-PLS
In order to remove background and noise from NIR spectra, CWT has been proposed as a pretreatment tool before the mIPOW-PLS calculation. In the process of the CWT method, the vanishing moments are a key factor that controls the result of background elimination, 17, 18 and the scale parameter a is another key factor that controls the result of noise elimination. 2 Selection of appropriate vanishing moments and scale parameter can effectively suppress background and noise information. 2, 17 To estimate the performance of the proposed method, one can use the RMSEP
where ŷi and yi are the predicted and true value of the sample i, respectively. Similarly, the RMSECV (root mean square error of cross validation) is calculated by Eq. (6). The flowchart of CWT-mIPOW-PLS is shown in Fig. 1 . First of all, the raw spectra are filtered by CWT. An appropriate scale parameter a is used (a is usually less than 60), and the proposed wavelet function for CWT is Symmlets wavelet filter No. 10 (sym10, N = 20) . A wavelet function with high vanishing moments, e.g. Sym10 with 10 vanishing moments, will guarantee that variable background will be well suppressed without significant loss of the signal information. Although somewhat arbitrary, it is suitable for most practical situations in eliminating variable background. We, however, do not insist that sym10 is always suitable; other wavelet functions may be more promising.
Next, the initial matrices of weights for wavelengths (Z) and samples (Φ) are set as identity matrices, Xc (matrix of CWT coefficients) is multiplied by the diagonal matrices of sample
weights and wavelength weights, y is multiplied by the matrix of sample weights. The new matrices of Xw and yw are obtained, and the PLS model is constructed for them. The crossvalidation method is proposed to determine the optimal PLS components. The corresponding RMSECV, prediction errors ri of cross-validation and PLS regression coefficients βi are recorded, respectively. The most important step is to calculate the weights of wavelengths and samples. The importance of wavelengths is computed according to Eq. (4); the wavelengths whose importance is larger than a threshold will be reserved as the results of wavelength selection, and the new Xc will consist of the remaining coefficients. The weights of samples are calculated by using Eq. (2). We repeat the calculation of mIPOW until the RMSECV reaches a minimum.
Experimental
Aqueous NIR spectra
The aqueous NIR spectra have been described. 19 The data set was composed of 38 four-sugar aqueous solutions. The spectra were scanned in the transmission mode from 5450 -9000 cm -1 with a step of 3.856 cm -1 (921 wavelengths). In the work, spectral signals from fructose (each other sugar was equal) and water were used as the target analyte and background, respectively. Figure 2(a) shows the measured aqueous NIR spectra of 38 samples.
Tobacco lamina's NIR spectra
NIR spectra of 83 tobacco lamina samples were measured on a Bruker Vector 22/N FT-NIR System. Each NIR spectrum was recorded in the wavenumber 4000 -8000 cm -1 with the digitization interval 7.712 cm -1 (519 data points).
The concentration of alkaloids was measured on an Autoanalyzer III instrument following the standard method.
The main component of alkaloids is nicotine (≥ 95%), but small amounts of other alkaloids are also included. Figure 2(b) illustrates the measured NIR spectra of 83 samples.
Results and Discussion
Analysis of fructose in aqueous NIR spectra
It can be seen from Fig. 2(a) that the strong absorption peak of water is located at 6890 cm -1 . In the region, water possesses strong absorption bands that overshadow and overlap the absorption bands of analytes, i.e. the NIR spectra are severely influenced by the presence of background. As a result, no specific absorption bands of analytes can be found in the raw spectra. In order to extract the analytical information from the raw spectra, PLS is adopted. During the calculation, the data set is divided into two parts: one is used as calibration set with 25 spectra, and the other is used as prediction set with 13 spectra. In the calibration set, the samples #5 and #12 are artificially treated to be outliers.
CWT has been proved to be a highly efficient tool for elimination of background and noise. 2, 17 With CWT, the scale parameter should be optimized in order to obtain the optimal quantitative results. According to the criterion of RMSECV, the scale parameter 15 is selected. Based on CWT coefficients, mIPOW is proposed to eliminate the uninformative wavelengths and outliers. The PLS characteristic plot of CWT-mIPOW-PLS is reported in Fig. 3 as a true advantage of CWT-mIPOW-PLS is to construct a parsimonious and robust PLS model.
With CWT-mIPOW-PLS, firstly, it is of great interest to investigate the effect of CWT treatment. Figure 4(a) illustrates the CWT coefficients. In contrast to the raw aqueous spectra in Fig. 2(a) , it is clear that the peak of water at 6890 cm -1 is greatly weakened and the absorption bands in 5500 -5980 cm -1 are much more obvious. Absorption bands in 6780 -7240 cm -1 and 7095 -7240 cm -1 are related to frequencies of first overtones of O-H stretching models and C-H combination vibration, respectively, and bands in 5500 -5980 cm -1 can be assigned to first overtones of C-H stretching modes. 20 The result indicates that the influence of water and noise can be appropriately suppressed by CWT. Figures 4(b) and (c) show the weights of samples and wavelengths for prediction of fructose by using CWT-mIPOW-PLS, respectively. As shown in Fig. 4(b) , the samples #5 and #12 are removed as outliers. It can be seen from Fig. 4(c) that the wavelengths selected by CWT-mIPOW-PLS distribute in the two regions of 6790 -6890 cm -1 and 5450 -5980 cm -1 . The results indicate that appropriate wavelengths are selected for the PLS model for prediction of fructose. Table 1 lists the optimal prediction results for fructose obtained from different calibration methods, which allows doing a comparison with different methods. When PLS is applied to the contaminated data set, it fails to identify the true model. As a result, the wavelength selection by IPW-PLS is inappropriate, because the criterion of wavelength selection is based on the performance of PLS model. It is unexpected that both of IPOW-PLS and mIPOW-PLS provide even worse prediction errors when compared with that of IRPLS. The reason is that the presence of background and noise leads to an inapposite wavelength selection.
It is clear that CWT-mIPOW-PLS provides the best calibration results. A parsimonious model with only 19 wavelengths is obtained, and both prediction error and PLS components are distinctly reduced when compared with the above four methods. Figure 5 
Analysis of alkaloid in tobacco lamina's NIR spectra
The analysis of alkaloid in tobacco lamina is much more complicated than for fructose in aqueous NIR spectra, because the tobacco lamina contains several thousands of materials and the NIR spectra is highly overlapped as shown in Fig. 2(b) . It should be a good strategy to select the wavelengths relevant to absorption bands of analytes of interest in order to avoid the interference of other analytes. On the other hand, the quantitative measurement of alkaloid in tobacco lamina samples is rather complex, and it depends on the execution of many steps in which the analyst has less control. Therefore, the occurrence of outliers will be more possible. To eliminate both of uninformative wavelengths and outliers, we adopt mIPOW-PLS in this work. During the calculation, the data set is randomly divided into two parts. One is used as calibration set with 63 spectra, and the other is used as prediction set with 20 spectra. Some results with CWT-mIPOW-PLS for prediction of alkaloid are shown in Fig. 6 and Table 2 . Figure 6 shows the results obtained by using CWT-mIPOW-PLS for prediction of alkaloid. Figure 6 (a) illustrates the coefficients obtained through CWT with the optimal parameters. It can be seen that the fluctuant background of the spectra was successfully eliminated. As shown in Fig. 6(b) , the samples #38, #40 and #42 are identified as outliers. Figure 6(c) illustrates that the remained wavelengths focus on the regions of 4000 -4380 cm -1 , 4500 -4870 cm -1 and 5190 -5330 cm -1 . Absorption bands at 4000 -4380 cm -1 can be assigned to combinations of C-H/C-C vibrations. 20 Absorption bands at 4500 -4870 cm -1 can be assigned to N-H stretching vibration in amide bonds. 21 Absorption bands at 5190 -5330 cm -1 can be assigned to combinations of N-H vibrations and second overtones of C-H stretch modes (∼5250 cm -1 ). 20 Because the characteristic radicals of alkaloid are composed of C-H and N-H, it can thus be concluded that appropriate wavelengths have been selected by the CWT-mIPOW-PLS analysis. Table 2 lists the prediction results for alkaloid obtained with CWT-mIPOW-PLS, alone with the results obtained with different calibration methods. The performance of Table 2 is somewhat different from Table 1. The outliers identified using different robust estimators for alkaloid are not consistent, and the number of outliers removed by IPOW-PLS is much more than that of other robust estimators. The reason is that the weight function defined by Eq. (1) is not always optimal for different data sets; the tuning constant in Eq. (1) should be adjusted for different data sets in order to achieve the optimal result. It is evident that the proposed method provided the best prediction results and the most parsimonious calibration model with only 15 wavelengths.
Conclusion
Spectral interference including background and noise, outliers and uninformative wavelengths are three main obstacles encountered in multivariate calibration for NIR spectra. In order to obtain a reliable result of quantitative NIR measurement, we propose a new strategy named as CWTmIPOW-PLS to eliminate these three obstacles. Instead of applying mIPOW-PLS procedure to the raw NIR spectra directly, the method proposes performing mIPOW-PLS in CWT domain. Results indicate that the elimination of useless wavelengths and multiple outliers in CWT domain can effectively avoid the interference of background and noise, and that mIPOW-PLS is easy to perform since no additional parameter is needed during the calculation. The new strategy ensures that the calibration model based on NIR spectra can be constructed robustly and economically, because spectral interference, useless wavelengths and multiple outliers are all appropriately eliminated.
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